Introduction
In borderless investment activities, investors, portfolio managers, and policymakers seek for a model that can disclose linkages and causality across financial markets, especially markets in a neighboring area. The model will provide them with a better view of market movement and, therefore, enable them to appropriately price underlying assets and their derivatives, as well as to hedge the associated portfolio risks. Cointegration analysis has been the most popular approach employed by academics and stock market researchers to developing such a linkage and causality model.
Cointegration analysis was initially introduced through influential contributions by Granger (1981) , Engle and Granger (1987) , and Granger and Hallman (1991) . Such an analysis can reveal regular stochastic tendencies in financial time series data and be useful for long-term investment analysis. The analysis considers the I (1) -I (0) type of cointegration in which linear permutations of two or more I (1) variables are I (0) (Christensen and Nielsen, 2003) . In the bivariate case, if y t and x t are I (1) and hence in particular nonstationary (unit root) processes, but there exists a process e t that is I (0) and a fixed β such that: y t = β'x t + e t, then x t and y t are defined as cointegrated. Thus, the non-stationary series shift together in the sense that a linear permutation of them is stationary and therefore a regular stochastic trend is shared. Granger and Hallman (1991) prove that investment decisions merely based on short-term asset returns are inadequate, as the long-term relationship of asset prices is not considered. They also show that hedging strategies developed based on correlation require frequent rebalancing of portfolios, whereas those developed strictly based on cointegration do not require rebalancing. Lucas (1997) and Alexander (1999) , using applications of cointegration analysis to portfolio asset allocation and trading strategies, have proven that index tracking and portfolio optimization based on cointegration rather than correlation alone may result in higher asset returns. Meanwhile, Duan and Pliska (1998) , developing a theory of option valuation with cointegrated asset prices, reveal that cointegration method can have a considerable impact on spread option price volatilities. Furthermore, economic policymakers must have comprehensive knowledge of price movement transmission in regional equity markets, especially during the period of high volatility. Appropriate policy may be designed to lessen the degree of financial crisis. Therefore, research on cointegration and causality among regional equity markets is essential. Cointegration approach complements correlation analysis, as correlation analysis is appropriate for short-term investment decisions while cointegration-based strategies are necessary for long-term investment.
Objectives and Structure of the Study
This paper is aimed at identifying the long-run equilibrium relationships among seven developed Asian markets, i.e., Tokyo, Hong Kong, Korea, Taiwan, Shanghai, Singapore, and Kuala Lumpur stock exchanges, using more frequent time series data. The paper also purports to explain risk performance of the observed markets.
Earlier part (Section 3) of this paper is focused on one or more of the observed markets and the associated linkages among the markets through sample data and key descriptive statistics. It is then followed by a brief description of Vector Error Correction Model of Price Indices and Returns (Section 4). The procedure employed in this paper was the one originally proposed by Hall and Milne (1994) and applied by Liu and Romilly (1997) , Chandana and Paratab (2002) , Liu et al. (2002) who realize a causality analysis for integrated series of order one, I(1), with cointegration by generating a VEC. This mechanism enables us to study the relationships in multivariate causality framework in Section 5. Finally, the results are concluded in Section 6.
Sample Data and Descriptive Statistics
Sample data used in this study are taken from seven indices of prominent Asian economies, i.e., Japan, China (Hong Kong and Shanghai), Korea, Taiwan, Singapore, and Malaysia. The observations are conducted in three periods: longer period (1/3/2000 -12/ 31/2007), first shorter period (1/3/2000 -12/31/2003) , and second shorter period (1/2/2004 -12/31/2007) . This division of observation periods is aimed at revealing the impact of particular economic condition on the indices, as well as assessing the cointegration in different durations.
All the indices have been adjusted to stock-splits, mergers and acquisition. We avoid transforming the three indices into a common currency. Instead, we use the nominal indices in domestic currencies to evade problems associated with transformation due to fluctuations in cross-country exchange rates and also to avoid the restrictive assumption that the relative purchasing power parity holds. In addition, we also implicitly assume that dividends are not vital to our analysis, as in general dividends do not reveal the level of volatility that would be necessary to influence the null hypothesis of 'no cointegration' among a set of stock price indices (see Dwayer and Wallace 1992) .
As can be seen from Figure 1 Table 3 reveals that the combination of respective skewness and kurtosis values leads to non-normal distribution, as none of the skewness is zero and none of the kurtosis is three. Overall, Shanghai index consistently shows positive and the highest returns whereas Tokyo index always exhibits the lowest returns in all observed periods. In the risk side, Kuala Lumpur index consistently shows the most stable price movement in all periods. The risk of Korean index is the highest in the longer period and in the first shorter period. In the second shorter period, Shanghai index records the highest risk level, which confirms the assumption of "high-risk for highreturn." Table 4 reveals the correlation between two observed indices. Correlation between Singapore and Hong Kong indices is the highest, while that between Tokyo and Shanghai indices is the lowest. All indices connected with Shanghai index show very low correlation coefficients, implying that investors would achieve the expected diversification if they include Shanghai index in their indices portfolios.
Subsequently, it can be seen in Table 5 that Singapore-Hong Kong index pair demonstrates the highest correlation coefficient (0.59). Meanwhile, Shanghai, Taiwan, and Kuala Lumpur indices show weak correlations with other indices in the region.
Correlation coefficients in the second shorter period are consistent with those in the first shorter period. Singapore-Hong Kong index pair again exhibits the highest correlation coefficient (0.684), while Shanghai is constantly weakly correlated with other observed indices.
In general, if an investor is to develop a portfolio of Asian indices, Shanghai index can be the first choice, as it consistently proves ineffectual correlations with other observed Asian indices. On the contrary, Hong Kong index may increase the risk to such an Asian-indices portfolio as it consistently shows high correlations with other indices. Source: Processed Data
VEC Model of Price Indices and Returns
This study assesses the long-term equilibrium relationships as well as the short-term dynamics among seven equity markets using the Johansen and Juselius' (1990) model. If the indices share a common stochastic trend, they can be considered cointegrated (Christensen and Nielsen 2003) . The presence of cointegration forms the basis of the Vector Error Correction (VEC) specification. Below is vector auto-regressive (VAR) model of order p:
where X t is a column vector of variables, which are the log price indices; µ is a vector of constants; ε t is a vector of innovations, random errors usually assumed to be contemporaneously correlated but not autocorrelated; and p is the number of lags of variables in the system.
If the variables in the vector X are integrated of order, say one, 1(1), and are also cointegrated, then the cointegration restriction has to be included in the VAR in equation (2). The Granger Representation Theorem (Engle and Granger, 1987) states that variables, individually determined by permanent shocks, are cointegrated if and only if there is a vector error correction representation of the time series data. With this restriction imposed, a VAR model is referred to as VEC. Variables in the model enter the equation in their first derivatives, and the error correction terms are added to the model. Consequently, the VEC has cointegration relations built into the specification so as to confine the longterm behavior of the endogenous variables to converge to their cointegrating relationships while allowing for shortterm dynamics. Biases from long-term equilibrium are corrected through a series of partial short-term adjustments.
The VEC representation of Equation (3), following Johansen and Juselius (JJ) is:
where, Γ are (m x m) coefficient matrices (i = 1, 2, ...., k), α, β are (m x r) matrices so that 0 < r < m, where r is the number of linear combinations of the elements in X t that are affected only by transitory shocks.
Matrix β is the cointegrating matrix of r cointegrating vectors, β 1 β 2 , ..., β i . The β vectors represent estimates of the long-run cointegrating relationships among variables in the system. The error correction terms, B' X t-1 , are the mean reverting weighted sums of cointegrating vectors. The matrix a is the matrix of error correction coefficients that measures the speed at which the variables adjust to their equilibrium values. It is obvious that the model
in Equation (3) is the standard VAR in the first differences of X t , augmented by the error correction terms, α B' X t . The JJ method provides maximum likelihood estimates of a and B'.
Empirical Estimation and Results
The very early phase in the estimation process is to decide the order of integration of the individual price index series in natural log levels. Table 7 , indicate that the null hypothesis that the price index in log levels contains a unit root cannot be rejected for each of the seven price series. Then, unit root tests are performed on each of the price index series in log first differences. The null hypothesis of a unit root could be rejected for each of the time series. No further tests are performed since each of the series is found to be stationary in log first differences. The finding that each price series is non-stationary implies that each of the observed markets is weakly efficient.
The second phase involves an assessment on the seven market series for cointegration. The cointegration test is to determine whether or not the seven non-stationary price indices share a common stochastic trend. The estimated cointegrating equation is as follows:
where LN225 t is logarithm value of Nikkei 225 at t = 1,2,3,…, α 0 is a constant, while α 1 ,…, α 6 are regression coefficients on the respective independent variables. The independent variables of LHSI t , LKS11 t , LTWII t , LSSEC t , LSTI t , and LKSE t are in logarithm values, which reflect the respective observed indices at t = 1,2,3,…Fi-nally, ε t is error term. All the indices are found cointegrated in the three different observation periods at the significance level of five percent. This indicates that an investor may not form an efficient portfolio if he or she includes the observed indices in his or her portfolio, as the intended diversification may not be achieved.
JJ estimation procedure that uses the maximum likelihood method is then employed. The cointegration test assumes no deterministic trend in the series and uses lag intervals from 1 to 1 as suggested by the SBIC for appropriate lag length. However, it would not make any difference even if we chose AIC (Akaike Information Criterion) because both the AIC and SBIC suggest the same lag length as well as the assumptions for the test. The assumptions of the test are that the indices in log levels have no deterministic trend and the cointegrating equation has an intercept but no intercept in the VAR. The trace test, which examines the null hypothesis of r cointegrating relations against k cointegrating relations, where k is the number of endogenous variables, for r = 0, 1, …, k. The existence of k cointegrating relations implies that there is no cointegration between each pair of the seven series. The maximum Eigen's value test, which tests the null of r cointegrating relations against the alternative of r + 1 cointegrating relations, indicates the prevalence of one cointegrating equation at five percent significance level. and HSI indices adjust one-to-one in the long run, and results in a value greater than one for the rest of indices, except for KS11.
We test for market indices' cointegration between the pairs, and find that all the pairs are cointegrated. The test results are not presented as our focus is the relationships among the seven markets. The finding that the market indices are cointegrated means that there is one linear combination of the seven price series that forces these indices to have a long-term equilibrium relationship even though the indices may wander away from each other in the short run. It also implies that the returns on the indices are correlated in the long run. The message for long-term international investors is that it does not matter, in terms of portfolio returns, whether investors in the observed Asian countries hold a fully diversified portfolio of stocks contained in all of the seven indices or hold portfolios consisting of all stocks of one index only.
Cointegration between the portfolio and the index is assured when there is at least one portfolio of stocks that has stationary tracking error, that is, the difference between the portfolio of stocks and the stock index is stationary, or to put it differently, the price spread between the two is mean-reverting. However, in the short run, the two may deviate from each other with the potential for higher returns on the portfolio relative to the index. Therefore, investors may still be able to earn excess returns in the short run by holding a portfolio of stocks from the seven markets.
The final phase is the estimation of the three-variable VEC model. In terms of this study analysis, the estimated vector error-correction model of price indices has the following form: (5) where ∆l are the first log differences of the seven market indices lagged p periods; Z t-1 are the equilibrium errors or the residuals of the cointegrating equations, lagged one period; and λ i are the coefficients on the error-correction terms. The lag lengths for the series in the system are determined according to the SIC. The suggested lag length is from one to one. No restriction is imposed in identifying the cointegrating vectors. The coefficients on the error correction terms are denoted by λ.
The estimated results can be seen in Tables 8, 9 , and 10. For brevity, the estimated coefficients on the lagged variables along with the t-statistics are presented without the asymptotic standard errors corrected for degrees of freedom. On the bottom of the tables, the log likelihood values, the AIC and SBIC are reported.
Three types of inferences concerning the dynamics of the seven markets can be drawn from the reported results of the VEC model in Tables 8, 9 , and 10. The first one is concerned about whether the left hand side variable in each equation in the system is endogenous or weakly exogenous. The second type of inference is about the speed, degree, and direction of adjustment of the variables in the system to restore equilibrium following a shock to the system. The third type of inference is associated with the direction of short-run causal linkages among the seven markets.
The error correction parameter estimated for the error correction term is sometimes called the speed of adjustment, and it indicates how quickly the economy moves back to the longrun equilibrium after a shock. In Table  8 , it can be seen that error correction term coefficients that are insignificant belong to HIS, KS11, and SSEC. This means that these indices are weakly exogenous to the system. The weak exogeneity of the indices further implies that the markets are the initial receptor of external shocks, and in turn transmit the shocks to the other markets in the observed region. As a result, the equilibrium relationship of the seven markets is disturbed. The adjustment back to equilibrium can be inferred from the signs and magnitude of the coefficients, l 1 , (DlHSI equation), l 2 (DlKS11 equation), and l 3 , (DlSSEC equation). The negative sign indicates that the respective index will pose a shock to the other indices in the observed region. In this sense, STI will give the largest negative impact on the other observed Asian markets since it has the greatest error term coefficient. N225, TWII, STI, and KLSE show error term coefficients that are even significant at one percent level. Table 8 , the number of insignificant coefficients (at significance level of five percent) in Table 9 is fewer. In this period, STI is still the Source: Processed Data *** at 1% level of Significance; ** at 5% level of Significance; * at 10% level of Significance Table 9 . VEC Estimated Results Source: Processed Data *** at 1% level of Significance; ** at 5% level of Significance; * at 10% level of Significance Table 10 .VEC Estimated Results Short Period 2 Source: Processed Data *** at 1% level of Significance; ** at 5% level of Significance; * at 10% level of Significance most significant shock-creator among the regional indices, recording a coefficient of -0.033. More drastic change can be seen in the results of the third test, presented in Table 10 . In this period, N255, KS11, TWII, and STI show insignificant error correction term coefficients. KS11 records a decrease in the coefficient by 0.0027, meaning that the index lowers its pressure to the system in the future. The error correction term coefficients on TWII, KS11, and STI show insignificant potential impacts on the regional market equilibrium. In this period, KLSE becomes the largest shock-creator in the observed region.
Short-Period 1 Variables
From the above vector error correction tests, we can observe that the decline in log likelihood values is consistent with the decrease in observation period. Meanwhile, the length of observation period does not affect the SIC value, which represents the suitability and fitness of a model. The SIC value resulting from the second shorter period test is larger than that from the longer period test. Overall, STI and KLSE prove to be consistently significant index, as they produce significant coefficients in all assessment periods. Thus, these indices are proven cointegrated with other observed indices, and inclusion of the indices in a portfolio may prevent an investor from forming an optimum portfolio.
In Table 11 , we can see that causal relationships exist among the observed markets. In the longer period data assessment, we may notice that HIS and N225 show a two-way relationship. Such a relationship also applies to the pair of KLSE and STI. Similarly, a change in HSI affects the other observed indices, such as SSEC, STI, and KLSE. Therefore, we can infer that there are some stocks listed simultaneously on more than one market, and that the macroeconomic variables between two economies in the observed region are strongly correlated.
In the first shorter period, only the pair of HIS-KLSE shows two-way causal relationship. Meanwhile, a change in HSI leads to changes in N225, SSEC, STI, and KSLE. A change in KLSE may result from changes in N225, KS11, and STI. In the second shorter period, causal relationships exist in the pairs of STI-TWII and STI-KLSE. N225 causes a change in HSI, whereas a change in TWII may result from changes in HSI, KS11, and STI.
It is worth noting that HSI consistently shows one-way causal relationship with STI in the three observation periods. The pair of STI-KLSE shows consistent causal relationship in all observation periods. This pair even exhibits two-way causal relationship in the second shorter period. We may conclude that these three indices have proven to have strong causal relationships beneficial for a portfolio diversification.
Meanwhile, the risk performance of each observed market is assessed using delta normal based Value at Risk. Using variance of each market displayed in Table 12 , number of observations that vary across the observed Table 11 . VEC Granger Causality Dependant 
Continued from Table 11
Dependant 
Portfolio Strategy
In an optimum portfolio formation process, there are many approaches that can be utilized, such as beta-based mean-variance analysis, B/M value analysis, P/E ratio analysis, portfolio diversification, etc. Findings of this study recommend several points for portfolio development: Correlation coefficient approach. This approach may provide a positive output if the formation process employs return with the lowest correlation coefficient between stocks or indices. In this study, SSEC has the lowest correlation coefficients in all observation periods. Moreover, in the shorter period, almost all indices show increasing correlation coefficients. Therefore, this study recommends the use of longer period of observation for the portfolio selection process. It is worth noting that the correlation is related to return, not the price or the index, as it focuses more on the stationary process.
Cointegration approach. This approach focuses more on the potential new equilibrium resulting from longrun relationship magnitude. This study reveals that STI and KLSE are significantly cointegrated with other indices in the observed region.
VEC model approach. This method emphasizes the calculation of coefficient error term, which reflects potential future shocks resulting from an index or stock. This study empirically proves that HSI, KS11, and SSEC are shock-creator indices in the future equilibrium. This implies that one can build an optimum index portfolio by including only one of the three into a basket of the other four indices. The three indices cannot be put in one portfolio as they tend to move in the same direction. However, the relationships among the indices can be determined through the associated VEC value. HIS, TWII, STI, and KLSE have VEC values that are greater than one. KS11's VEC is less than one, while N225's VEC is equal to one. This evidence implies that KS11 moves faster than the rest observed indices.
Causality relationship approach. This method assesses the one-way and twoway causal relationships between markets or assets. This study shows that STI may experience the largest change resulting from changes in N255, HSI, KS11, TWII, and KLSE. In developing a portfolio, we may exclude STI as it also proves to be strongly correlated with other indices. The two-way causal relationship between STI and TWII, as well as between STI and KLSE, indicates that the inclusion of the three indices will not provide an optimum portfolio. The Granger's causality model is very helpful when one is to assess short-term portfolio.
Risk volatility approach. This method is focused on the assessment on return volatility of an index or asset. This study reveals that there is no consistent, linear relationship between risk and return. In the three observation periods, the high-return indices are not necessarily high-risk indices, and vice versa. Therefore, this study does not recommend the risk-return based portfolio selection.
Summary and Conclusion
This paper attempts to assess the relationships among the neighboring Asian indices by employing time series models. The results show plausible solutions to forming a portfolio by including Asian indices in the investment basket. This study reveals that approaches to establishing a portfolio will much be related to the selected assessment models. Mean-variance assessment model, for instance, is in fact very much related to the associated cointegration and ECM tests.
There are, however, some limitations that may prevent results of this study from generalization. This study cannot overcome the fact that different portfolio selection approach will give different portfolio outputs. Similarly, different assessment's length of observation period also will result in different outputs, as the duration may affect the correlation coefficient as well as the volatility.
In the light of risk management and portfolio selection, the formation of new equilibrium among markets can be of great consideration when one is to develop a portfolio. This is rendered by causal relationships among markets that may affect the expected diversification in a portfolio. A strong causal relationship, regardless of the direction, will accelerate formation of a new equilibrium between markets. Therefore, investors need to carefully examine the magnitude of inter-market relationships. The existence of a linear combination of the seven indices that forces these indices to have a long-term equilibrium relationship implies that the indices are perfectly correlated in the long run and diversification among these seven equity markets cannot benefit international portfolio investors. However, there can be excess returns in the short run. None of the aforementioned approaches provides similar recommendation. Thus, the portfolio selection will rely much on the investor's preference in choosing the associated assessment components.
